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A B S T R A C T
Accurate assessment of damage caused by conflict can be difficult to determine from ground-based surveys, par-
ticularly in the context of violence and unsafe conditions. Earth Observation data provides a non-invasive method
for rapid damage assessment over wide geographic areas. In this study we use Landsat Imagery captured between
2011 and 2017 to assess the damage in Aleppo, Syria caused by conflict during the Syrian Civil War. Extracting
temporal changes in urban environments is complex and the capabilities of traditional spectral-based method-
ologies are limited. We examined the effectiveness of the Gray-Level Co-Occurrence Matrix (GLCM) and two
texture-based metrics (correlation and homogeneity) at classifying changes in reflectance characteristics within
urban environments caused by building damage and consequent changes in surface orientation. Homogeneity
was a more effective texture measure than correlation (overall accuracy of 79% vs 50%). Results indicated that
between 45% and 57% of Aleppo was damaged during the study period, including up to 57% of former rebel
held areas and between 34% and 46% of government areas and their surrounds. We used SPOT-6 imagery for
accuracy assessment. Damage to Aleppo has yet to be fully quantified and several parts of the city remain unsafe
and inaccessible. The results of this study highlight the potential offered by texture analysis for mapping damage
to urban areas with freely available imagery and can be readily applied to natural disasters such as earthquakes
and the aftermath of extreme weather events.
1. Introduction
The Syrian civil war uprooted more than twelve million people be-
tween 2011 and 2017 and spawned a global refugee and humanitar-
ian crisis with multifaceted geopolitical dimensions. The United Nations
Human Rights Council (UNHRC) estimated that 470,000 Syrians had
died as a direct consequence of the war, 7.5 million had been inter-
nally displaced and a further 5 million had left the country (UNHRC,
2017). The war has had a particularly significant impact on urban areas,
as hundreds of thousands of residential and commercial buildings have
been damaged and entire city blocks in major metropolitan areas have
been razed to the ground (UNHRC, 2017). Prior to.
2011, 58% of Syria's population lived in urban areas (Hamdan,
2016), and damage to these environments has had a significant impact
on the habitability of Aleppo and the economic, political, cultural and
social cohesion of Syria.
In May 2012, Aleppo, Syria's largest city and commercial and cul-
tural capital, became a focal point of the war after opposition groups
seized large parts of the city. The western half of Aleppo, which was pri-
marily controlled by the government, sustained widespread damage to
the Old City and surrounding suburbs, while heavy fighting in the con-
tested eastern and northern parts of the city toward the end of 2012 and
street to street fighting throughout 2016 caused widespread devastation
before violence subsided after the Syrian government regained control
of the entirety of the city in December 2016 (UNHRC, 2017).
Detecting damage at different stages of the fighting can help analysts
better understand the periods of the war and identify areas of the city
that were most heavily impacted. However, an accurate assessment of
the damage in Aleppo has been difficult to discern as violence and un-
safe conditions have left large tracts of the city inaccessible and inhib-
ited direct observations of ground data.
Earth Observation data provides a safe solution for rapid damage
assessment over wide areas in these situations. Successfully mapping
damage with non-invasive techniques can also help policy makers and
∗ Corresponding author.
Email address: rel256@gmail.com (A. Lubin)
https://doi.org/10.1016/j.apgeog.2019.05.004
Received 11 October 2018; Received in revised form 14 March 2019; Accepted 6 May 2019
Available online xxx
0143-6228/ © 2019.
UN
CO
RR
EC
TE
D
PR
OO
F
A. Lubin, A. Saleem Applied Geography xxx (xxxx) xxx-xxx
international development and aid organizations better comprehend the
impact the war has had on Aleppo and its residents from an economic
and social standpoint, provide an analytical template for the evaluation
of the vulnerability of other urban areas of Syria and ultimately assist
with efforts to valuate and repair damage and repatriate the hundreds
of thousands of refugees who fled Aleppo.
Information extraction using texture analysis has been employed for
several decades in the remote sensing field (e.g., Haralick, Shanmugam,
& Dinstein, 1973). However, it has not been used to temporally identify
urban change or assess damage. Texture analysis refers to the process of
quantifying and comparing characteristics of tonal values in each pixel
of an image to identify patterns that repeat over a specified spatial area
(Siqueira, Schwartz, & Helio, 2013). It differs from simple pixel classifi-
cation methodologies by including the spatial arrangement of variabil-
ity in tonal values within small neighbourhoods of adjacent pixels. We
hypothesized that changes to the angle and imperviousness of rooftops
which occurred when buildings were severely damaged could be cap-
tured by measures of texture and used to discriminate damaged from
undamaged buildings by measuring temporal changes in how radiation
was absorbed and the distributional features of its reflectance.
Urban areas are structurally diverse and spectrally variable despite
representing homogeneous land compositions. Spectral-based tech-
niques such as index differencing and supervised classification which
have been used to identify land classes and monitor land change as-
sign each pixel to a class based on spectral reflectance without consider-
ing spatial properties (Kitada & Fukuyama, 2012; Tewkesbury, Comber,
Tate, Lamb, & Fisher, 2015). This is less practical in urban areas because
spectral information can exhibit high heterogeneity due to the different
materials of rooftops and the similar composition of buildings, roads and
bare land (Hu, Li, Zhao, & Gong, 2008). Spectral-based change detection
methods are not sufficient for identifying spectrally heterogeneous but
spatially similar land uses which makes it difficult to extract accurate
and complete change information (X. Zhang, Cui, Wang, & Lin, 2017).
Texture analysis offers the potential to more accurately characterize
this heterogeneity and explore spatial distribution within urban areas
(Ruiz, Fdez-sarría, & Recio, 2004; X.; Zhang et al., 2017). It can supple-
ment spectral-based change detection techniques by better distinguish-
ing the characteristics of features to facilitate more accurate classifica-
tions (Hu et al., 2008; H.; Zhang, Fritts, & Goldman, 2005). Since texture
relies on relative measurements between neighbourhoods it also high-
lights the transition between classes (Siqueira et al., 2013). Transitions
indicate the angle and displacement between pixels, which magnifies
the impact of temporal changes (Siqueira et al., 2013).
While no previous studies have used texture with medium-resolu-
tion imagery to identify damage within urban areas, researchers have
used various methodologies to map damage to cities caused by earth-
quakes and other natural disasters. Menderes, Erener, and Sarp (2015)
and Mustafa and Bulent (2005) developed automated models by over-
laying pre-and-post event Digital Elevation Models to compare changes
in building height with imagery captured from aerial photographs,
while Sarp, Erener, Duzgun, and Sahin (2014) used orthophotos and
point clouds to study building damage caused by an earthquake in Van
Erci, Turkey. Turker and Sumer (2008) also developed a change de-
tection approach that explored how building damage impacted shad-
ows, and created a model that identified and compared contextual
building data to differentiate damaged and undamaged sites. Wang
and Jin (2012) followed a similar approach, but integrated high-reso-
lution optical imagery with Synthetic Aperture Radar data to identify
pre and post event deviations in building height. These methodologies
were effective and had accuracy rates that exceeded 80 percent; how-
ever, each relied on expensive LIDAR or high-resolution optical imagery
which enable advanced modelling that better distinguish object level
features.
We have two aims: i) explore the potential of two measures of tex-
ture for detecting and mapping building damage; and ii) identify spa-
tio-temporal patterns that corresponded to different stages of the war.
2. Methods and materials
2.1. Study area
Aleppo is located in north-eastern Syria and is the capital of Aleppo
governorate (Fig. 1). Prior to the war it was the most populous city in
Syria, having a pre-war population of 4.6 million (“UN Demographic
Statistics,” 2017). It also had the greatest economic output and encom-
passed the largest geographic area. The climate is semi-arid with a mean
high temperature of 23.8 °C and mean low of 11.1 °C. Average precip-
itation is 329mm, which occurs primarily between October and April
(“Aleppo, Syrian Arab Republic,” 2017).
2.2. Datasets
Remotely sensed images were selected from Landsat-7's enhanced
thematic mapper (ETM+) and Landsat-8's operational land imager
(OLI) sensor and retrieved from the United States Geological Survey
(https://earthexplorer.usgs.gov/). The study used imagery from Land-
sat-7 for 2011 and 2012 and imagery from Landsat-8 for 2013 through
2017. Images were selected in mid-summer (July to August) to limit
interference by cloud cover. Whilst some scenes did have minor cloud
cover (Table 1) it was located away from the studied area. The panchro-
matic band from SPOT-6 with 1.5m resolution was used for accuracy
assessment.
2.3. Pre-processing
Prior to data analysis it was necessary to perform image co-regis-
tration and radiometric normalization on collected imagery (Grover &
Babu Singh, 2015). In addition, Landsat-7 had a technological malfunc-
tion in its Scan Line Corrector which resulted in missing data. To com-
pensate, a second set of imagery was retrieved for 2011 and 2012 to
Fig. 1. Administrative urban boundary of Aleppo City.
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Table 1
A summary of the imagery used in this study.
Year Sensor Resolution Cloud (%) Scene ID Path/Row Acquisition date
2011 Landsat 7 ETM+ 15m 8.01 20110707_20161207 174/34 07-07-2011
2011 Landsat 7 ETM+ 15m 15 20110723_20161207 174/34 07-23-2011
2012 Landsat 7 ETM+ 15m 3 20120709_20161130 174/34 07-09-2012
2012 Landsat 7 ETM+ 15m 26 20120810_20161129 174/34 08-10-2012
2013 Landsat 7 ETM+ 15m 0.31 20130806_20161122 174/34 08-06-2013
2014 Landsat 8 LDCM 15m 9.34 20170731_20170811 174/34 07-23-2014
2015 Landsat 8 LDCM 15m 4.25 20150726_20170406 174/34 07-26-2015
2016 Landsat 8 LDCM 15m 3.32 20160728_20170322 174/34 07-28-2016
2017 Landsat 8 LDCM 15m 0.83 20170731_20170811 174/34 07-31-2017
2017 SPOT 6 1.5m 0.45 05-13-2017
fill the missing pixels. Interpolation was not necessary as the second set
of imagery was captured within 30 days of the original and deviations
in sun angle and atmospheric conditions were negligible.
2.3.1. Image co-registration
Imagery was registered to ensure that pixels could be precisely over-
laid to accurately compare data over multiple years. Registration was
implemented on the 2017 image, which served as the reference to which
all other imagery was corrected (ENVI, 2017). Each registration utilized
greater than fifty tie points and yielded root mean square errors <0.2. A
RMSE less than half a pixel (0.5) is widely considered a tolerable thresh-
old (Giacomozzi, 2010).
2.3.2. Radiometric normalization
Panchromatic bands were not atmospherically corrected because the
Gray-Level Co-Occurrence Matrix (GLCM) requires raw Digital Num-
bers. Panchromatic bands were instead calibrated using invariant tar-
gets (Furby & Campbell, 2001), which comprised of locations that ex-
hibited bright, midrange and dark values.
Linear regressions were created for 25 invariant targets for each year
relative to 2012 to standardize each image (Table 2).
2.3.3. Vegetation masking
A vegetation mask was created by calculating the normalized dif-
ference vegetation index (Rouse et al., 1974) from 2012 multispectral
data and applied to processed images to isolate urban areas and bare
land. We removed vegetated areas because growth fluctuated during the
study and could impact the accuracy of change detection. Bare land near
Aleppo was included in the final classifications to indicate the textural
and spectral characteristics of areas that were largely unchanged.
The study area was divided into masked polygons, then further sub-
divided into government and rebel-controlled areas to distinguish rela-
tive changes that occurred to each enclave (Fig. 2).
The study implemented the homogeneity and correlation texture sta-
tistics on imagery between 2012 and 2017 and the results were evalu-
ated with linear regression, from-to change analysis and threshold seg-
mentation. Processed imagery was also converted to vector data and
merged to enable additional change detection analysis of the area fea-
tures of classified raster data. Imagery from 2011 was included in lin
Table 2
Invariant point regression 2012–2017.
Year Equation of line R⁠2
2012–2013 y = 0.9129x + 0.0185 0.987
2012–2014 y=0.8957x - 0.0245 0.933
2012–2015 y = 0.7302x + 0.0115 0.874
2012–2016 y = 0.7145x + 0.0155 0.855
2012–2017 y = 0.7619x + 0.0068 0.885
Fig. 2. Analytical division of the study area (Source: RGB Image Landsat-7).
ear regressions as a referent to illustrate temporal linearity with 2012
prior to the war.
2.3.4. Land use/land cover change analysis
The study used from-to matrices to identify changes that occurred to
individual pixels relative to preceding years. This enabled a more de-
tailed identification of absolute change and no-change statistics, while
vector-based change maps merged like-pixels to quantify area changes
of classified images. From-to matrixes were created by reclassifying
data, combining classified images from neighbouring years then reclas-
sifying combined images into positive, negative and no change maps
based on the trend of the combined classes. The resulting pixel counts
were quantified and compared to identify temporal changes.
2.4. Texture analysis
GLCM is a texture descriptor that uses second order calculations
to measure the spatial dependence of intensity values (Haralick et al.,
1973; Xianghua, 2008). Second-order calculations are measures which
consider the spatial relationship between pixels, whereas first-order cal-
culations are based on values derived from an original image that do not
consider spatial dimensions; e.g. mean and variance (Hall-Beyer, 2017).
Common texture measures include contrast, correlation, entropy, dis-
similarity, mean and homogeneity (Haralick et al., 1973). Texture im-
ages based on these measures reflect how frequently adjacent pixel pairs
with like distributions occur in predefined neighbourhoods (Rao, Sastry,
K.Mallika, Tiong, & K.B.Mahalakshmi, 2013; H. Zhang et al., 2005).
GLCM segments images that are comprised of digital numbers into
grayscale tonal images. The GLCM is the most common method used to
derive texture measures, is highly adaptable, robust and the most accu-
rate of the various texture-based approaches available (Siqueira et al.,
2013). It captures numerical features by quantifying the spatial distrib-
ution of surface data and variations between neighbouring pixels, then
assigns new values to represent these fluctuations (Hu et al., 2008; Wu,
Qiu, Usery, & Wang, 2009). The nature and orientation of the distribu-
tion of intensities among pixels relative to their neighbours define the
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texture characteristics of an image and indicate the distributional pat-
tern of a geographic area.
We used the correlation and homogeneity metrics based on a 3-pixel
x 3-pixel neighbourhood with a gray quantization of 64 values, which
we determined empirically. The homogeneity metric creates clusters
of regions with similar signal statistics by characterizing the closeness
of the distribution of gray levels in terms of their spatial orientation
and intensity relative to neighbours (Rao, Sastry, Mallika, Tiong, &
Mahalakshmi, 2013). It weights pixel values according to a decreasing
distance from the diagonal to assign texture (Hall-Beyer, 2017). The
lower the contrast within a neighbourhood, the higher the homogeneity
value. Therefore, we expected areas with damaged buildings to return a
low homogeneity value.
The correlation metric measures the linear dependency of gray tones
relative to neighbouring pixels. The measure uses the distribution of
mean and standard deviation for the makeup of each row and column to
identify similarity in a horizontal or vertical direction (Rao et al., 2013).
If a distribution is present between pixels in either direction within the
neighbourhood, the metric produces a higher texture value that indi-
cates a linear relationship with high predictability (Rao et al., 2013; X.;
Zhang et al., 2017). We hypothesized that evaluating relative intensity
based on mean and standard deviation would magnify the impact of sur-
face changes, which would significantly reduce the correlation of neigh-
bouring features.
GLCM assigns texture properties based on the size of a preselected
kernel window (Ruiz et al., 2004) where gray level values in each pixel
are compared to neighbours to identify characteristics of their relation-
ship. If a window is too large it increases the equalization of texture in-
formation which leads to smoothing (Hu et al., 2008; X.; Zhang et al.,
2017) while smaller kernel windows can create more detailed texture
that better identify changes that occur at the object level (X. Zhang et
al., 2017). We used a 3 pixel × 3 pixel processing window due to the
relatively small size of the study area and feature changes that were in-
vestigated.
Gray quantization is an additional parameter used in GLCM. The
level selected indicates the number of classes and resulting tonal varia-
tions of the texture matrix. If a high gray level is used, each GLCM will
extract texture features that indicate that number of pixel pairs (Tou,
Tay, & Lau, 2008). If a lower gray level is selected, GLCM groups tones
that reflect that number in the resulting texture map. In effect, the mea-
sure determines the size of the matrix and magnitude of detectable vari-
ation. This study sampled several inputs, and 64 values produced the
most distinguishable and classifiable texture patterns.
Orientation is the fourth parameter and refers to the direction of
analysis GLCM uses to compute texture values. Each pixel has 8 adjacent
pixels, and the parameter defines the direction the kernel window shifts
to capture spatial information (Pesaresi, 2008). Filters have different re-
sponses based on the extent of displacement and direction of shadows
generated by sun angle and azimuth. We used a 0° (1, 0) shift to reduce
the impact of shadows and optimize the accuracy of GLCM valuations.
We input these parameters into GLCM to create texture images for
correlation and homogeneity for each year between 2012 and 2017. Re-
sulting data were reclassified to enhance the features of textural varia-
tion and create a standardized template to evaluate temporal variations.
We used the 2012 and 2013 images to identify interval changes visually
and within histograms and delineate classes for threshold segmentation.
It was difficult to standardize texture and evaluate changes based ex-
clusively on thresholds because it is a descriptive statistic that does not
represent absolute values.
This study used class distinctions to highlight absolute changes as a
method of evaluating the changing make-up of the city. Homogeneity
and correlation were classified into low and high based on visual exam-
inations of texture maps and intervals within histograms (Table 3).
Table 3
Classification range of Homogeneity and Correlation.
Homogeneity Correlation
Class Range Class Range
Low 0.0–0.41 Low −1.0–0.3
High 0.42–1.0 High 1.3–1.0
2.5. Assessing texture-based methodologies
2.5.1. Optimal thresholding
Reflectance and gray values are on a continuum, and specific criteria
are required to create binary change and no-change classes. Thresholds
were used to delineate class membership and improve qualitative accu-
racy. The use of texture to identify urban variance has not been thor-
oughly explored and there is no research available to assist with defin-
ing an optimal threshold. In texture-based analysis, the difficulty is com-
pounded by the fact that texture is a descriptive statistic and optimal
thresholds must be selected based on change characteristics not absolute
reflectance.
This study used a Receiver Operating Characteristic (ROC) curve
to select a threshold. Data were extracted from 200 random valida-
tion points, classified with SPOT-6 imagery and used to create a ROC
curve for each metric. A ROC curve plots the relationship between the
false positive identification rate (specificity) (the ratio of the number
of false positives divided by the total number of negatives), against
the true positive rate (sensitivity) (the ratio of true positives divided
by the total number of positives) to identify an optimal model (Miura,
Midorikawa, & Chen Soh, 2012). To determine an optimal threshold,
the point which contained the highest number of positive identifications
and fewest number of false positive identifications was chosen by max-
imising the difference between them (Liu, 2012).
Due to variance within the image and the relative nature of texture,
the determination of an optimal threshold was inexact which impacted
qualitative accuracy and magnified the importance of exploring ancil-
lary change detection approaches to develop a more complete under-
standing of the effectiveness of each metric.
2.5.2. Qualitative accuracy assessment
We used an error matrix to evaluate the classification accuracy of
derived change maps. An error matrix is a tabular model subdivided
by class which measures user and producer accuracy. We used ArcMap
10.5 to generate 200 random points and reclassified data was extracted
to these points from each methodology, then used a SPOT-6 image to
categorize points as damaged or undamaged; 60 points were ambiguous
and not included in the final assessment.
We calculated the Kappa Index of Agreement (KIA), overall accu-
racy (OA), commission errors (CEs) and omission errors (OEs) for each
model. The KIA statistic defines the probability of agreement between
randomly generated points relative to their classification (Eq. 6). OA, CE
and OE are computed by comparing the number of false and true neg-
atives with the number of false and true positives (Azmi, Bachir Alami,
Errahim Saadane, Kacimi, & Chafiq, 2016).
3. Results and discussion
The following section highlights the results of the damage assess-
ment and the relative effectiveness of each texture metric. Results were
compared and assessed in terms of their quantitative damage assessment
and qualitative accuracy.
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3.1. Texture analysis
3.1.1. Homogeneity texture statistic
Homogeneity values changed significantly between 2012 and 2017.
Overall, there was a 40% decrease in areas that exhibited high homo-
geneity and a 44% increase in areas classified as having low homogene-
ity. Of the total decrease in homogeneity, 82% occurred between 2012
and 2013 during the most heavily contested period of the war (Fig. 3).
From-to images displayed the behaviour of each pixel relative to the
preceding year (Fig. 4); where red, dark grey and blue pixels indicated
a decrease, increase and no change in homogeneity. Between 2012 and
2017, 47% of pixels in the study area reduced in homogeneity, 15% of
pixels increased in homogeneity and 38% remained unchanged. Of the
overall drop in homogeneity, 92% occurred between 2012 and 2013.
Homogeneity characteristics within rebel and government areas ex-
hibited a high degree of variation. Overall, there was a 31% reduction
in homogeneity in government areas compared to a 41% decrease in
rebel contested areas. During the most destructive period of the fight-
ing between 2012 and 2013, homogeneity reduced by 29% in govern-
ment areas compared to 36% in rebel areas. Linear regressions on ran-
dom points with extracted homogeneity data indicated substantial vari-
ability in both sections of the city. R⁠2 for the pre-war period was 0.63
Fig. 3. Fluctuation in Homogeneity by year. The figure depicts the extent of change iden-
tified between 2012 and 2013 and relative stability between 2013 and 2017.
Fig. 4. From-to homogeneity change characteristics that depict the behaviour of each
pixel. The figure highlights the extent of overall change and the magnitude of change that
occurred between 2012 and 2013.
in rebel areas and 0.67 in government areas; however, between 2011
and 2017 it dropped 57%; 79% in rebel areas and 39% in government
areas (Fig. 5). Of the total decline, 70% occurred between 2012 and
2013.
3.1.2. Correlation texture statistic
Between 2012 and 2017 there was a 34% decrease in high correla-
tion and a 39% increase in low correlation areas (Fig. 6). Of the overall
decrease, 91% occurred between 2012 and 2013.
From-to change maps showed an overall reduction of 37% in highly
correlated areas, of which 81% occurred between 2012 and 2013 (Fig.
7). Changes were nearly uniform within rebel and governmental areas
and reduced by 22% and 21% overall.
Linear regressions indicated varying amounts of change in govern-
ment and rebel held areas of the city (Fig. 8). R⁠2 was almost identical
between 2011 and 2012, and 8% less correlated in rebel areas in 2017.
Overall, linear regression identified more change in the correlation fil-
ter than the homogeneity filter. R⁠2 reduced by 78% for correlation com-
pared to 57% for homogeneity.
3.2. Assessing texture-based methodologies
3.2.1. Optimal thresholding
Reclassified imagery for each texture metric indicated that substan-
tial damage occurred in Aleppo during the study period, and that the
city sustained the most widespread damage between 2012 and 2013
(Fig. 9).
Each statistic produced similar trends, which mirrored the different
stages of the war. There were significant increases in damage between
2012 and 2013 followed by relatively little change and small increases
at the end of 2016. Each metric identified more overall damage in rebel
areas than government areas.
Between 45% and 57% of rebel areas and 34% and 47% of govern-
ment areas sustained damage between 2012 and 2017 (Fig. 10).
3.2.2. Qualitative accuracy assessment
The study created the validation set from 200 random points clas-
sified as damaged/undamaged from SPOT-6 imagery cross referenced
with Google Earth Pro. Data from each methodology were extracted
from validation points to produce an error matrix and measure the accu-
racy of classifications. Homogeneity was the more effective metric, with
an overall accuracy of 79% (Table 4).
The error matrix was less effective at evaluating the results given
that it measures pixel level changes while texture classifies pixels based
on neighbourhood characteristics. Fig. 11 illustrated an issue that im-
pacted the effectiveness of using validation points to gauge the accuracy
of texture-based classifications. The red squares represent the 45×45m
kernel neighbourhood used to assign texture and the green dots repre-
sent random points used to extract validation data.
The first image represents a validation point with an unchanged ker-
nel window classified as undamaged. The second image identified a
point that extracted data from an undamaged building which had dam-
age in its kernel window and was erroneously classified as damaged.
The third image depicts a kernel window with total damage which was
classified as undamaged due to pixels maintaining homogenous spatial
relationships.
3.3. Overall assessment
This study used texture-based metrics to detect and quantify dam-
age to Aleppo. The results indicated that there was extensive damage
throughout the city compared to pre-war conditions. Furthermore, this
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Fig. 5. Linear regressions of random point data extracted from homogeneity. Figure depicts reduced linearity in both enclaves of the city and a particularly steep decline in former rebel
areas.
Fig. 6. Fluctuation in correlation by year. Depicts the scope of change that occurred be-
tween 2012 and 2013 and high degree of stability between 2013 and 2017.
Fig. 7. Figure depicts the extent of change to correlation characteristics and highlights the
extreme changes that occurred between 2012 and 2013 relative to each epoch.
damage primarily occurred between 2012 and 2013 and was concen-
trated in former rebel held areas in eastern and northern Aleppo.
Up to 92% of the overall damage in Aleppo occurred between 2012
and 2013, which coincided with the division of the city and widespread
aerial bombing and shelling by the Syrian government (ICRC, 2017;
UNHRC, 2017). The study identified that significantly less of the total
damage incurred to the city occurred after it was divided in late 2012,
particularly to neighbourhoods in western Aleppo that had remained
under government control. These results aligned with the events of the
war during this period which was characterized by a relative lull in
fighting due to more fixed battle lines (UNHRC, 2017).
Overall, former rebel-controlled areas of Aleppo were disproportion-
ately impacted by the fighting. Neighbourhoods in eastern and northern
Aleppo incurred up to 60% more damage than areas in western Aleppo.
The vast majority of damage to these areas also occurred during heavy
fighting between 2012 and 2013 (UNHRC, 2017).
This assessment was consistent with estimates by the United Na-
tions (UNITAR, 2016) and Amnesty International (“Conflict in Aleppo,
Syria,” 2015), which commissioned studies to evaluate the impact the
war had on Aleppo between 2012 and 2015. They identified wide-
spread infrastructural and building damage throughout the city, 90% of
which occurred in 2012 and 2013 and was concentrated in former rebel
held enclaves. These studies relied on visual inspections of high-resolu-
tion imagery to differentiate damaged from non-damaged buildings, a
time-consuming approach impractical for additional studies of Aleppo
or in other areas.
The primary objective of our study was to develop a semi-automated
empirical method of remotely detecting damage that was time sensitive,
relied on freely available medium-resolution imagery and could be im-
plemented in other urban areas impacted by war or natural disaster.
While the UN and Amnesty International evaluations provided context
for the events in Aleppo and reinforced the overall findings of our analy-
sis in terms of identifying the magnitude, epoch and concentration of
damage, they also underlined the importance of developing a more time
sensitive and repeatable methodological approach to detect and quan-
tify urban damage.
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Fig. 8. Linear regressions of reference points with pre-classified correlation data. Figure depicts a large reduction in linearity in both divisions of the city, and a steeper decline occurring
in rebel areas.
Fig. 9. Comparison of the aggregate damage to Aleppo identified by each methodology.
3.4. Evaluation of GLCM texture-based methodologies
Conventional pixel-based classification assigns each pixel to a class
based on spectral reflectance (Tewkesbury et al., 2015). However,
spectral information exhibits high heterogeneity in urban areas, and
conventional change detection methods are not sufficient to identify
spectrally heterogeneous but spatially similar land classes (Hu et al.,
2008; Ruiz et al., 2004).
GLCM can supplement spectral-based change detection methods and
capture a more comprehensive overview of urban change by incorpo-
rating spatial information into classifications (Ruiz et al., 2004). Identi-
fying the behaviour of pixels according to spatial relationships can ac-
count for temporal variability and urban heterogeneity (Hu et al., 2008)
and provide a more complete method of identifying the distributional
and temporal dimensions of urban damage.
The qualitative accuracy assessment indicated that homogeneity was
the more effective texture metric and had an OA of 79% and KIA of
0.58. Correlation was ineffective and had an OA of 50% and a KIA of
0.03. However, there were several limitations to relying on an error ma-
trix to assess the accuracy of results. The error matrix measured the clas-
sification of intensity changes in each pixel, while texture is a descrip-
tive statistic that uses a kernel window to classify pixels according rela-
tive characteristics.
Our study used imagery with 15m resolution and a kernel pro-
cessing window comprised of 3 pixels × 3 pixels. Thus, object level
changes were evaluated based on 45×45m focal windows. We dis-
counted validation points that did not precisely identify damaged or
undamaged buildings and where damage occurred in close proximity;
Fig. 10. Depicts damage to government and former rebel held enclaves. Each metric identified more damage in rebel areas than government areas.
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Table 4
Classification accuracies using independent validation data. (A) Homogeneity texture statistic. (B) Correlation texture statistic.
A Observed Damaged Undamaged Total Commission Error (%) Overall Accuracy (%) Kappa
Classified Damaged 46 15 61 25 79 0.58
Undamaged 14 65 79 18
Total 60 80 140
Omission error (%) 23 19
B Observed
Classified Damaged 38 48 86 56 50 0.03
Undamaged 22 32 54 41
Total 60 80 140
Omission error (%) 37 60
Fig. 11. (A) Extracted data that correctly identified an undamaged building. (B) Extracted data incorrectly identified as damaged due to damage that occurred within processing window.
(C) Data classified as undamaged due to total damage within processing window.
however, it was difficult to identify areas that had uniform results given
the widespread nature of the damage. When damaged occurred, it re-
duced linearity within the entire 45×45m kernel, which could result
in a ‘damage’ classification for pixels that may have been undamaged.
Thus, the study may have inflated the extent of change due to the in-
creased number of false positive identifications.
False negative classifications were also possible. After the analysis
identified damage for a given year, additional damage could reverse
the original classification by creating a more homogenous distribution.
In addition, areas that had pervasive damage retained the same spatial
characteristics as undamaged areas, which meant that subsequent tex-
ture images did not signify new damage.
The nature of each texture filter also contributed to the results. Ho-
mogeneity identifies changes in the closeness of the distribution of gray
values in terms of their spatial orientation relative to adjacent pixels
(Siqueira et al., 2013). It weights pixel values to assign texture based
on decreasing distance from the diagonal to emphasize contrast, while
correlation measures the linear dependency of gray values and places
greater weight on values closer to diagonals (Hall-Beyer, 2017; Rao et
al., 2013). Unlike homogeneity, correlation strongly considers the distri-
bution of mean and standard deviation and places greater emphasis on
adjacency, which reduces its ability to discern patterns over larger areas
(Hall-Beyer, 2017; Rao et al., 2013).
The variability of detected changes and consequent effectiveness of
each metric is heavily impacted by the method used to weigh the spatial
relationship of neighbouring pixels. In addition, the results of the cor-
relation filter were significantly less homogenous prior to the fighting
in 2012 and did not effectively differentiate heterogeneity within the
city as Aleppo was barely discernible from surrounding agricultural ar-
eas and bare land.
4. Conclusion
Our study evaluated the effectiveness of using texture analyses with
remotely sensed imagery captured by Landsat-7 and Landsat-8 to assess
damage to Aleppo between 2011 and 2017. Texture analysis has not
been used to measure temporal change in urban areas, and the results
of our analyses highlighted both the potential it offers and the enor
mity of physical damage to Aleppo and magnitude of eventual recon-
struction efforts.
Developing a method to remotely map and quantify urban damage
with freely available medium-resolution imagery can provide a tool for
nations that have sustained damage to urban areas, where commercial
satellite imagery is too costly and damage to infrastructure and safety
considerations inhibit direct ground observations. The methodological
approach adopted in this study can be implemented in any urban con-
text to investigate damage caused by conflict, earthquakes or other ma-
jor weather events to aid relief efforts, provide development agencies an
empirical method to approximate the scope and distribution of damage
and estimate potential rehabilitation costs.
The results indicated that GLCM and texture analysis, particularly
the homogeneity statistic, can improve upon spectral-based change de-
tection methodologies by better distinguishing heterogeneity in urban
areas and detecting urban damage.
Developing an autonomous, independent and repeatable image pro-
cessing technique to empirically quantify damage to urban environ-
ments is increasingly important given the impact of global warming and
the increasing frequency and severity of major weather events. To valu-
ate damage and plan relief and recovery efforts, it is essential to identify
the distribution of urban damage in a time sensitive and autonomous
manner.
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